Abstract-In this paper, we focus on energy management of distributed generators (DGs) and energy storage system (ESS) in microgrids (MG) considering uncertainties in renewable energy and load demand. The MG energy management problem is formulated as a two-stage stochastic programming model based on optimization principle. Then, the optimization model is decomposed into a mixed integer quadratic programming problem by using discrete stochastic scenarios to approximate the continuous random variables. A Scenarios generation approach based on time-homogeneous Markov chain model is proposed to generate simulated time-series of renewable energy generation and load demand. Finally, the proposed stochastic programming model is tested in a typical LV network and solved by Matlab optimization toolbox. The simulation results show that the proposed stochastic programming model has a better performance to obtain robust scheduling solutions and lower the operating cost compared to the deterministic optimization modeling methods.
I. INTRODUCTION

I
T is expected that the achievement of the carbon dioxide emissions and fossil fuel based generation reduction can be considerably accelerated by integrating distributed renewable sources into current power grid [1] . MG has been recognized as a perspective technology to facilitate the penetration of large scale distributed renewable energy generation in an efficient and economical way [2] . By controlling and coordinating a networked group of DGs, ESS and controllable loads, a MG can supply power to local users, lower environmental impacts and improve security of supply [3] , [4] . Typically, a MG can operate either connected to a centralized grid or function autonomously in a stand-alone way [5] , [6] .
Nevertheless, the intermittency of renewable energy resources (such as wind and solar) and random loads has a significantly negative impact upon the stability, efficiency and economy of MGs. More challenges arise for the management and operation the MG due to the existence of the uncertainty. Conventional methods [7] - [10] for MG energy management are based on forecast techniques which may noticeably deviate from the real situation, and thus lead to an inefficient This work was supported by the National Natural Science Foundation of China (61428301) operation. Therefore, how to develop an efficient strategy considering the stochastic factors to achieve the optimal MG energy management is a necessary and valuable task.
A considerable amount of research is to be found in the MG energy management literature [11] - [15] . In [11] , a scenariobased stochastic programming method is proposed to minimize the operation cost of a MG. Roulette wheel mechanism is utilized to generate stochastic scenarios and an adaptive modified firefly algorithm is proposed to solve the problem. In [12] , a multi-objective stochastic optimal model with the goal of expected cost and expected emission minimization is proposed. Lattice Monte Carlo Simulations (LMCS) and the Roulette Wheel Mechanism (RWM) are applied to generate scenarios. In [13] , an extended stochastic multi-objective model under environmental constraints incorporating CHP and wind power units is presented, and multi-objective particle swarm optimization technique is used to solve the economic dispatch (ED) problem. In [14] , the scheduling model minimizes the expected operational cost while lowering power losses in the interconnected MG mode. Meanwhile, plug-in electric vehicle (EV) as a kind of controllable loads is considered in order to analyze the effect on MG energy scheduling. However, the above paper did not consider the randomness in the chargingdischarging behaviors of EV, e.g., plug-in time and the states of charge (SOC). In [15] , a new method is applied to handle the randomness under the chance constrained programming frame.
One important thing in stochastic MG energy management study is how to simulate the randomness. Many existing studies assume that the randomness follows a certain distribution, such as uniform normal distribution, and use Monte Carlo method to generate simulation data in each time slot so as to form a time-series stochastic scenario. However, a timeseries scenario, such as the production of a solar system over a day, is in practice a stochastic process with self-correlation in time. Therefore, it is more realistic to generate simulation data based on the statistical analysis and transformation process of the uncertainty over time.
In this paper, we focus on the optimal operation of DGs in a grid-connecting MG under stochastic environment for MG energy management system. The major contributions made in this work can be summarized as follows:
(1) An energy scheduling optimization model based on twostage stochastic programming considering the uncertainty in a MG.
(2) A scenario generation model based on time -homogeneous Markov chain to generate stochastic scenarios.
(3) A detailed comparison analysis focusing on the efficiency of the deterministic energy management method and the stochastic energy management method. This paper proceeds as follow. In Section II, the optimization model of MGs energy management based on two-stage stochastic programming is presented. Section III models the uncertainty in a MG, and the proposed scenarios simulation method is also described. Simulation results are given in Section IV. Finally, Section V the paper concludes with the summary of the main points.
II. SYSTEM MODEL AND PROBLEM FORMULATION
We consider a typical grid-connecting MG equipped with a few small DGs, PV panels, wind power generators, an energy storage system and some local power loads. To cope with the randomness in renewable energy resources and loads, the MG is connected to the distributed grid, which provides real-time power balance between supply and demand. A MG central controller (MGCC) collects information about total power generation and consumption as well as ESS levels and makes decisions for the optimal scheduling plan to minimize operating costs in the MG over a period of time. In the following we present unit models in details and formulate the energy management problem considering the randomness.
where P
ESS t
is the power consumption of the ESS in time slot t, P ESS,max discharg and P
ESS,max charge
are the maximum discharging power and maximum charging power of the ESS (kW), respectively.
The energy level of the ESS evolves as the ESS is charged and discharged. Considering the energy transformation efficiency, the discrete dynamics over time can be modeled as below,
(2) where E ESS t represents the energy level in time slot t, P ESS t is the power drawn by the ESS, 0 < η ESS charge < 1 and 0 < η ESS discharge < 1 are the charging and discharging efficiency of the ESS, respectively. Also, the energy level should be constrained in case of over-charging or over-discharging as below,
where E ESS min and E ESS max are the allowable minimum and maximum SOC of the ESS, respectively.
A. Distributed Generation Cost
The costs of DGs mainly includes installment cost, operational cost and fuel cost. In our study, only fuel cost is considered because the other costs have little effect on the optimal scheduling over a very short period of time.
The fuel cost of a DG usually consists of two parts: the generation cost and the start-up/shut-down cost. For the generation cost, a conventional quadratic function model [16] is used,
where a i , b i and c i are given cost coefficients for the ith DG, P i t stands for the active power generated by the ith DG. The start-up/shut-down cost occurs from the wasted fuel for preheating during the DG turns on or turns off. It can be modeled as function of the DG operation state,
where s 
1) Renewable Generation and Load:
In modeling of renewable generation and load in a MG, the concept of net load is adopted. Let P pv t and P wt t denote the power production of PV and wind turbines in time slot t, and let P load t denote the aggregated load demand in time slot t, then the net load is defined as,
which specifies the gap between the renewable energy supply and load demand. Generally, the net load needs to be predicted to make scheduling plans for the MG management. However, the random of renewable energy and load leads to prediction errors in practice and ends up with bad scheduling plans. Therefore, we model the net load as a predictive valuen et t plus a stochastic prediction error ξ t as below.
B. Problem Formulation
The key of the MG energy management problem is how to minimize the operating cost while keeping real-time balance between power supply and demand under stochastic environment. In an open electricity market, the MGCC needs to make generation scheduling plan on each DGs and sign an electricity purchasing contract with the utility day-ahead (DA) at a certain price. However, the renewable generation and the load are random, there certainly exists some gap between demand and supply in reality. For security needs, the gap will be balanced by the distributed grid in real-time (RT) market, generally at a very high price, which will cause an extra cost.
In order to lower the extra cost, one nature way is to minimize the mismatch in the sense of expectation. Therefore, the MG energy management problem under uncertain environment can be formulated as a two-stage stochastic programming model as below,
and (1) - (8) (10) where r g t represents the contract electricity rate, P g t is the contract power exchanged with the utility, r gap t stands for the default electricity rate and P gap t (ω) is the power that fills the gap between supply and demand due to the randomness. It is note that the randomness of P gap t (ω) derives from ξ t (ω), so their stochastic characteristics are the same.
The objective consists of two parts. The front part includes the fuel costs from all the DGs and the contract electricity cost from the utility. The latter part is the expectation cost caused by breaking the contraction with the utility due to the randomness. It is noted that positive electricity cost means purchasing electricity from the utility and negative electricity cost means selling electricity to utility grid.
III. PROBLEM FORMULATION AND STOCHASTIC MODELING
A. Problem Reformulation
It is difficult and even impossible to solve the optimization model given before directly, because the explicitly functional form of the expectation of continuous random variable in the objective contains high dimensional integral and is hard to solve by current optimization technologies.
One way to solve the problem is to approximate the expectation by taking a number of samples ω s , s = 1, 2, . . . , n of the random prediction error variable ξ t (ω) from its sample space according to its distribution. Based on Bernoulli's law of large numbers (LLN) [17] , the following equation holds.
In this way, the original complex problem can be decomposed into a mixed integrated quadratic programming (MIQP) which can be solved in many existing optimization methods, such as branch and bound.
B. Stochastic Modeling
It is clear that effective samples generating method capturing the statistical characteristic appropriately is necessary and important. Conventional method estimates the statistical characteristics of the random error variable in each time slot, and then uses Monte Carlo to generate random samples. However, the method fails to capture the auto-relationship of the random variables over time. In order to reproduce better error samples, a time-homogeneous Markov chain [18] model is proposed. The details of the proposed method are described below.
Let X = (ξ 1 , ξ 2 , . . . , ξ T ) denote a stochastic sequence consisting of T random variable. Assume that the stochastic error variables has the Markov property as shown in (12),
where P {·} stands for the probability of {·}. Then, we can treat the stochastic error sequence as a Markov chain and use the Markov chain to generate stochastic prediction error scenarios. Therefore, we need to find out the transition probabilities matrix of the Markov chain via statistical analysis of the historical prediction error time-series data.
In our study, we assume that the Markov chain is timehomogeneous, which means the transition probabilities do not depend on time. The historical prediction error values are discretized into a finite set of points ξ t ∈ {ω 1 , ω 2 , . . . , ω n } with n − 1 equal intervals, and suppose that these points are all the states the Markov chain can reach. Let ρ(x, y) denote the Euclidean distance, and for an real error value ν, it belongs to the state
sT ) be a set of historical error sequence, and define,
(13) Then, the transition probability P ij can be estimated as shown in (14) .
Once the transition probability matrix
is fixed, we can use Monte Carlo to generate prediction error time series.
IV. SIMULATION RESULTS
In this section, the proposed stochastic programming model and the solution method is applies to a LV network presented in [10] to verify the effectiveness and superiority. The structure diagram is copies from [6] and shown in Fig. 1 . As shown, the MG is equipped with a Micro Turbine (MT), a Fuel Cell (FC), a storage device (Battery), a small-scale Wind Turbine (WT) and PVs in feeder 1. In our study, the focus is on the active power scheduling and all units are considered to run at unity power factor. It is assumed that MGCC makes hourly generation scheduling for the future 24 hours. The Financial and operating parameters used in this simulation are all list in Table I . The day-ahead PV, wind power and load forecast data on August 1st, 2015 in Belgium obtained from ELIA [19] , then the forecasted net load data is calculated based on (7) . Similarly, the real-time net load data and the historical forecast error data are also obtained in the same way from ELIA [19] . The day-ahead hourly contract electricity price in [20] is used, and assume the default electricity price is 50 e/MWh higher than the contract electricity rate. Since the data is obtained from a high voltage power grid, appropriate normalization is made to match the level of the MG. The electricity price data and the net load data are depicted in Fig. 2 . The simulations are carried out on an Intel(R) Core(TM) i5-2400, 3.10 GHz personal computer with 4 GB RAM memory. The simulation tool is MATLAB R2012b Optimization Toolbox.
For the purpose of comparison, the MG energy management problem is first solved by deterministic model, in which it is assumed that the forecast errors are not considered and the MGCC uses the net load forecast value to optimize the operation of each unit in the MG. Then, we solve the problem using the proposed stochastic programming model again. After that, the scheduling solutions based on the deterministic model and stochastic model are respectively loaded and tested using the real-time data on the trading day. The scheduling solutions based on the deterministic and the stochastic model are depicted in Fig. 3 , and the result of the cost comparison is shown in Fig.4 .
As shown in Fig. 3 , both the solutions of deterministic model and stochastic model have the ability to operate the DGs and the ESS in an economic way. For deterministic solutions, since the electricity rate is low before 10 A.M., the MT and the FC do not generate electricity and the ESS is charged. The load in the MG is mainly powered by the utility grid. As the electricity rate goes high, the FC first starts to run fully at 10 A.M. At the same time, the ESS is also discharged to meet local power demand and sell surplus electricity to the utility. Soon, the MT begins to generate as much power as possible at about 12 P.M. It is clear that during peak hours from 10 A.M. to about 17 P.M. the MG has a great reduction of purchasing power from the utility. After 17 P.M., the electricity goes down. As a result, the power production of MT and FC decreases significantly one by one for their cost advantages has diminished and purchasing power from the utility is more profitable.
Compared to the solutions from deterministic model, the proposed stochastic model can obtain a lower operating cost. As shown in Fig. 4 , the operating cost using the deterministic model and the proposed stochastic model are e71.857 and e49.627, respectively. The result of the stochastic model is e22.23 smaller than that from the deterministic method. This is because the stochastic programming model has considered the influence of uncertainties in renewable energy and load demand, and therefore can make better decisions that can balance or hedge the risks of extra default cost from randomness.
V. CONCLUSION
This paper proposed an energy management strategy for microgrids by considering uncertainties in the production of PVs and wind turbines and stochastic load. The MGs energy management is modeled as a two-stage stochastic programming model. Due to the proposed model is difficult to solve, an approximated method based on the law of large number is used to decompose the original problem into a mixed integer quadratic programming problem. A stochastic samples generating method based on time-homogeneous Markov chain is proposed to obtain discrete forecast error samples.
The simulation result shows that the proposed two-stage stochastic programming model has a good ability to find robust solutions against uncertainties in renewable energy and load demand, and thus reduction the operating cost of MGs.
